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Nonparametric Bayesian Clustering
Methods of DNA Methylation Microarray
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Abstract A model based clustering algorithm for Illumina
GoldenGate microarray data is proposed in this paper. By
infinite beta mixture model and by adopting Dirichlet process
as prior knowledge, the cluster structure can be defined based
on model and data. Simulation results demonstrate that this
methodology can estimate the number of clusters, the cluster
mixing weight and the own characteristic of each cluster, and
can reach relatively ideal clustering effect.
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